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sampling; (c) the daily nitrate dataset produced significantly smaller
parametric prediction uncertainty, but only modest reduction in total
prediction uncertainty, relative to the fortnightly nitrate dataset; (d)
model structural error and measurement errors are the primary sources of
total prediction uncertainty, and these combine to inhibit the benefits
of high-frequency monitoring. We conclude that the adequacy of sampling
frequency is dependent on model structure and measurement errors, such
that higher-frequency nitrate monitoring may not markedly reduce the
uncertainty of nutrient predictions, depending on other levels and
sources of uncertainty.
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Highlights:

o Nitrate export uncertainty in Selke catchment model examined using HYPE and
DREAM

e Posterior parameter uncertainty decreased using daily than fortnightly nitrate
data

o Daily-calibrated model better captured nitrate dynamics than using fortnightly
data

e Daily nitrate data produced smaller predictive uncertainty than fortnightly data

e Model structural- and input errors inhibit the benefits of high-resolution data
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Abstract

High-frequency water quality monitoring is increasingly used in examining the nutrient fluxes
within catchments. Despite this, no studies have assessed the impact of monitoring frequency on
the uncertainty of nitrate estimates obtained from distributed or semi-distributed catchment
models. This study aims to evaluate the impacts of two different frequencies of nitrate sampling
on the performance of a catchment hydrology model, including the uncertainty in both
predictions and calibrated parameters. The investigation uses the HYPE model to simulate
streamflow and nitrate concentrations (2010-2015) in the Selke catchment, a heterogeneous
mesoscale catchment in central Germany. The Bayesian inference scheme of the DREAM code
was employed for calibration and uncertainty analysis, and to explore differences between
fortnightly and daily nitrate sampling strategies. The results indicate that: (a) the posterior
uncertainty intervals of nitrogen-export process parameters were narrower when the model was
calibrated to daily nitrate measurements, while similar maximum likelihood parameter values
were obtained regardless of the sampling frequency; (b) the model calibrated using daily nitrate
data better represented both daily and fortnightly nitrate measurements relative to that obtained
using fortnightly sampling; (c) the daily nitrate dataset produced significantly smaller parametric
prediction uncertainty, but only modest reduction in total prediction uncertainty, relative to the
fortnightly nitrate dataset; (d) model structural error and measurement errors are the primary
sources of total prediction uncertainty, and these combine to inhibit the benefits of
high-frequency monitoring. We conclude that the adequacy of sampling frequency is dependent
on model structure and measurement errors, such that higher-frequency nitrate monitoring may
not markedly reduce the uncertainty of nutrient predictions, depending on other levels and

sources of uncertainty.

Keywords: Nitrate export; HYPE; Monitoring frequency; Model calibration; Prediction
uncertainty; DREAM
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1. Introduction

Excessive nutrient export from landscapes to surface water bodies (e.g., rivers, reservoirs and
lakes) has caused water quality deterioration and eutrophication in aquatic environments across
the globe (Conley et al., 2009). The management of nutrient sources and transport pathways
within catchments is increasingly based on catchment hydrological and biogeochemical
modelling (Rode et al., 2010; Shrestha et al., 2012; Wellen et al., 2015). Commonly used
hydrological and nutrient transport models include SWAT (Soil and Water Assessment Tool;
Arnold et al., 1998), AGNPS/AnnAGNPS (Agricultural Non-Point Source Pollution Model;
Bingner et al., 2012), INCA (Integrated Nutrients from Catchment; Whitehead et al., 1998),
HSPF (Hydrological Simulation Program-Fortran; Bicknell et al., 2012) and HYPE
(HYdrological Predictions for the Environment; Lindstrom et al., 2010). Most off-the-shelf
watershed-scale hydrologic and nutrient models currently used for decision-making and
management operate at a daily time step. Catchment hydrological models rely on a mixture of
empirically and physically based parameters. Empirical parameters are difficult to compare to
measurable field parameters, but are nonetheless required to represent complex flow and
transport processes that are otherwise challenging to simulate using measurable parameters, in
particular at the catchment scale. These are routinely assigned values based on model calibration

against field measurements (e.g., Liu and Gupta, 2007).

In heterogeneous catchments, solute fluxes (e.g., dissolved inorganic nitrogen) are affected by
hydrogeological and landscape characteristics, such as flow pathways, transit times, lithology,

land cover and soil wetness (Hrachowitz et al., 2016; Jiang et al., 2014; Onderka et al., 2012; van
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Griensven et al., 2006; Viswanathan et al., 2016). The representation of these processes in
catchment models depends on several factors, in particular, the spatial and temporal
discretization. The spatial resolution of catchment hydrological and nutrient export models is
often limited by the distribution of monitoring, in particular, the gauging of flow and nutrient
concentrations in streams. Jiang et al. (2015) compared nutrient runoff models based on
single-site or multi-site stream gauging stations, for the Selke River (referred to locally as simply
“Selke”) catchment (Germany). They found that multi-site calibration improved the performance
of their nitrate model, indicated by an increase of 12% in the Nash-Sutcliffe coefficient (for
calibration mismatch), and a decrease of 33% in the uncertainty of nitrate predictions. Similarly,
Cao et al. (2006) found that multi-variable and multi-site calibration improved the performance
of a hydrological model (SWAT) of the Motueka catchment (New Zealand), and helped to

identify the areas and hydrological processes requiring greater scrutiny and calibration effort.

Nitrate export is often highly variable over time due to various factors, including the temporal
variability in the hydrological regime, nutrient inputs, and biogeochemical processes (Basu et al.,
2011; Li et al., 2010; Rode et al., 2016a; Molenat et al., 2008; van Griensven et al., 2006; Van
Meter et al., 2016; Van Meter and Basu, 2015; Viswanathan et al., 2016). The high temporal
variability in water quality has led to the development of high-frequency (e.g., up to daily
intervals) measurement capabilities. Establishing and assessing sampling frequencies is
necessary in order to yield information needed for policy making and catchment management
plan implementation, and to ensure the cost effectiveness of water quality monitoring plans
(Behmel et al., 2016). Stream water quality measurements at different temporal resolutions (e.g.,

daily, weekly, fortnightly, monthly) have been utilized in previous analyses of water quality
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variations, nutrient loads, nutrient sources, transport pathways and retention processes within
catchments (e.g., Ullrich and Volk, 2010; Wade et al., 2012; Yang et al., 2018). Numerous water
quality monitoring studies, from a variety of different catchments, illustrate that lower-frequency
(e.g., monthly) nitrate monitoring may characterize reasonably well the average nitrate
conditions, but often fails to capture short-term water quality dynamics and extremes (Fovet et
al., 2015; Halliday et al., 2015; Jones and Chappell, 2014; Ross et al., 2015; Wade et al., 2012).
This is only apparent when higher-frequency sampling is available. Based on statistical
uncertainty analysis and using long-term nitrate measurements, Levine et al. (2014)
demonstrated that uncertainty in the detection of changes in stream nitrate concentrations over

time increased when the sampling frequency was reduced from weekly to bimonthly.

Previous catchment modelling investigations have adopted observations of stream nutrient
concentrations at daily to monthly intervals in calibrating and validating nutrient export models
(e.g., Ahmad et al., 2011; Jomaa et al., 2016; Lam et al., 2012; Lindstrom et al., 2010; Pathak et
al., 2018; Shrestha et al., 2007; Woodward et al., 2017). A limited number of nitrate export
modelling studies have assessed different frequencies of nitrate monitoring adopted in calibration.
For example, Woodward et al. (2017) showed that the simple lumped-parameter, daily time-step
catchment model StreamGEM predicted similar nitrate dynamics when calibrated using either
monthly nitrate data or daily nitrate data. Several studies have similarly concluded that nitrate
export modelling based on long-term, monthly nitrate datasets potentially represent reasonably
well the seasonal dynamics of stream nitrate concentrations and loads (Jiang et al., 2014; Pathak
et al., 2018; Woodward et al., 2017). The general conclusion arising from these investigations is

that monthly sampling may be sufficient to support water resource management decision-making.
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However, other studies demonstrate that low-frequency water quality sampling may restrict the
calibration (and validation) of catchment nutrient export models (Chappell et al., 2017; Kirchner
et al., 2004; Pathak et al., 2018), although a proper investigation of model uncertainty has not
been undertaken to support these claims. Previous evaluations of nutrient monitoring frequency
are generally based on highly simplified models of catchment processes. More generally, daily
nitrate data are rarely incorporated into semi-distributed process-based watershed modelling
studies (Jomaa et al., 2016; Lam et al., 2012). Ahmad et al. (2011) illustrated that calibration of
their SWAT model using measurements at monthly intervals resulted in considerable
underestimation of monthly sediment and nitrogen loads, most notably during intensive rainfall
periods. Under-prediction of nitrate loads during storm flow conditions was also noted from a
watershed nitrate transport model calibrated using daily nitrate data, due to the underestimation
of peak streamflow rates (Lam et al., 2012). It appears from these studies that higher-frequency
monitoring has greater opportunity to avoid sampling-related artefacts that arise when
measurements are used in parameterizing process-based watershed models used for water quality

simulation (Jones et al., 2014).

To date, the use of high-frequency (e.g., up to daily) nutrient measurements in watershed water
quality modelling is limited (Jones et al., 2014). High-frequency hydrochemical monitoring has
mainly been used for: (a) the direct observation and assessment of water quality variations
(Halliday et al., 2015), (b) the direct estimation of pollutant loads, calculated as the product of
measured flow and solute concentrations (Ullrich and Volk, 2010; Wade et al., 2012; Jomaa et
al., 2018), (c) the analysis of river pollutant sources and transport pathways (Aubert et al., 2013;

Halliday et al., 2015; Lloyd et al., 2016; Wade et al., 2012), and (d) the analysis of in-stream
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biogeochemical processes (e.g., Rode et al., 2016a, Wade et al., 2012). High-frequency in-situ
monitoring allows short-term water quality dynamics to be captured, leading to important
knowledge gains of catchment hydrochemical sources and behavior (e.g., in-stream primary
production) that may otherwise be unattainable from regular low-frequency (e.qg., fortnightly,
monthly) monitoring (Halliday et al., 2015; Rode et al., 2016b; Sandford et al., 2013; Skarbgvik
et al., 2012). The benefits of adopting high-frequency sampling strategies have been
demonstrated for the direct calculation of nutrient and sediment loads. For example, Skarbgvik et
al. (2012) reported that the reliability of average concentrations of suspended particulate matter
improved with decreasing sampling interval (i.e., from monthly to daily), such that sampling at
monthly intervals resulted in underestimation of sediment loads of up to 98%. This arises
because fortnightly-to-monthly sampling frequencies may miss significant nutrient and/or
sediment fluxes during storm events, resulting in large errors in load estimation, especially given
that high-flow conditions typically produce the highest nutrient and sediment transfer rates
(Horowitz, 2003; Jordan and Cassidy, 2011; Rodriguez-Blanco et al., 2013; Sharpley et al.,

2008).

Where nutrient and sediment fluxes are determined from catchment-scale hydrological models,
uncertainty arises in the model predictions due to several factors (Ajami et al., 2007; Balin et al.,
2010; Beven and Binley, 1992). These include measurement errors in model input data (e.g.,
rainfall, diffuse and point nutrient sources, land use, etc.) and calibration data (e.g., flow rates,
nutrient concentrations, etc.), uncertainty in model parameters that persists after model
calibration (i.e., posterior parameter uncertainty), and model structural errors. Higher posterior

parameter uncertainty is associated with parameters that are non-uniquely estimated by model
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calibration, and these tend to be weakly identifiable from the calibration dataset (e.g., Knowling
and Werner, 2016). Model structural errors include the averaging associated with the spatial and
temporal resolution of calculations (i.e., relative to field-scale variability), and the intrinsic
inability of a given model to reproduce the physical and biogeochemical mechanisms involved in
runoff generation and nutrient export (e.g., Ajami et al., 2007; Balin et al., 2010; Rode et al.,
2010; Vrugt, 2016; Woodward et al., 2017; Yang et al., 2007). We refer herein to the summation
of model structural errors and measurement errors as “residual errors”. The uncertainty that
arises from these unavoidable limitations of hydrological models manifests as posterior
parameter uncertainty, and uncertainty in nutrient and flow predictions (i.e., “prediction
uncertainty”). Prediction uncertainty (referred to hereafter as “total prediction uncertainty’) has
two components: residual error and parametric prediction uncertainty; the latter being the
uncertainty in model simulation results that arises out of posterior parameter uncertainty. The
current study assesses both total prediction uncertainty and parametric prediction uncertainty,
thereby allowing us to infer residual error as the difference between the two. Posterior parameter

uncertainty is also evaluated.

Uncertainty analysis is a requisite component of catchment hydrology modelling activities
because model parameters are often poorly constrained by field evidence and rely heavily on
calibration, and because parameter interdependence may lead to non-unique predictions of future
catchment behavior (Beven and Binley, 1992; Wellen et al., 2015). Uncertainty analysis also
allows for evaluation of the information content of different observations, thereby guiding field
measurement campaigns and strategies for model development (Arhonditsis et al., 2007; Rode et

al., 2010). Additionally, the provision of prediction uncertainty intervals allows for risk-based
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decision making within watershed management (Arhonditsis et al., 2007). Uncertainty analysis is
particularly important in the application of catchment hydrology models to estimate nutrient
fluxes (Kyllmar et al., 2014). Some popular uncertainty analysis techniques used in catchment
runoff and nutrient export modelling include GLUE (Generalized Likelihood Uncertainty
Estimation; Beven and Binley, 1992; Gong et al., 2011), SUFI-2 (Sequential Uncertainty Fitting
algorithm; Abbaspour et al., 2004; Wu and Chen, 2015), SCEM-UA (Shuffled Complex
Evolution Metropolis algorithm; Dotto et al., 2012; Vrugt et al., 2003) and DREAM
(DiffeRential Evolution Adaptive Metropolis algorithm; Jiang et al., 2015; Laloy and Vrugt,
2012). The Bayesian inference algorithm of DREAM has been widely used and proven to be
appropriate to assess model uncertainty for a range of modelling applications. It is able to
constrain both total prediction uncertainty, parametric prediction uncertainty and posterior
parameter uncertainty (Jiang et al., 2015; Woodward et al., 2017; Yang et al., 2008). Moreover,
DREAM is efficient for high-dimensional searches (i.e., exploring posterior distributions of a
large number of parameters in complex models) for global minima in model error, in attempting

to optimize model parameters (Laloy and Vrugt, 2012; Vrugt, 2016).

While uncertainty analysis is commonly conducted on rainfall-runoff modelling to assess
streamflow prediction uncertainty caused by various factors, it is rarely implemented in nutrient
export modelling studies (Jiang et al., 2015; Pathak et al., 2018; Wellen et al., 2015; Woodward
etal., 2017). Examples include the analysis of uncertainty in catchment phosphorous export
estimates from SWAT modelling, using GLUE (e.g., Gong et al., 2011), the Bayesian assessment
of uncertainty in total phosphorus flux predictions from SPARROW modelling (e.g., Kim et al.,

2017), and the Bayesian evaluation of model structure in the performance and uncertainty of four
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Export Coefficient Models used to simulate nitrate export (Xia et al., 2016). Woodward et al.
(2017) illustrated that daily nitrate data, used in calibration, did not reduce the uncertainty of
nitrate export predictions of the StreamGEM model compared to monthly nitrate data. However,
they used a simple, lumped-process model that assumed constant nitrate concentrations
discharged from near-surface runoff, fast groundwater and slow groundwater flow paths, for
nitrate export simulation. To our knowledge, no previous nitrate export studies that adopt
process-based, semi-distributed watershed models have attempted to assess the uncertainty of
parameters and predictions related to various sampling frequencies (e.g., fortnightly, daily) in

nitrate measurements.

The objective of this study is to evaluate in a comprehensive manner the posterior parameter
uncertainty, calibration mismatch, total prediction uncertainty, parametric prediction uncertainty,
and residual error (i.e., the sum of measurement error and model structural error) associated with
a watershed nitrate export model that arise from different frequencies (daily, fortnightly) of
in-stream nitrate measurements. A case study of the Selke catchment is used as the basis for this
evaluation. DREAM (version DREAMzs; Laloy and Vrugt, 2012) was used to calibrate the
HYPE model and assess the uncertainty of parameters and model outputs. The current
investigation assesses, for the first time, the effects of different frequencies (fortnightly or daily)
of nitrate measurements in the simulation of nitrate export using a catchment-scale
distributed-parameter model. In doing so, we expect that the findings will assist in designing
other watershed models aimed at nutrient export estimation, and in developing water quality
monitoring programs (i.e., establishing appropriate monitoring frequencies) that aim to inform

nitrate export models and water resource management more generally.
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2. Materials and Methodology

2.1 Study site and data

A heterogeneous nested mesoscale catchment (Selke catchment, central Germany) was selected
as the study area for testing different sampling frequencies. The current study builds on previous
investigations of the Selke catchment by a subset of the current author list. That is, Jiang et al.
(2014) evaluated the capability of the HYPE model to represent spatial and temporal variability
in nitrogen fluxes, while Jiang et al. (2015) assessed the impact of the spatial resolution in
nitrogen observations on nitrogen export modeling, again using the HYPE model. The
process-based HYPE model was utilized again in the current investigation to simulate
streamflow and stream water nitrate concentrations. Among the available codes, the HYPE
model requires readily available meteorological data (rainfall, temperature), and offers apposite
balance between representation of hydrological, nutrient-export processes and model complexity.
It has been applied successfully to the simulation of streamflow and water quality for catchments
with a wide range of meteorological, hydrological and physiographic characteristics, but
importantly, this includes catchments that have features similar to the study area adopted for the

current investigation (e.g., Jiang et al., 2014; Lindstrom et al., 2010; Yin et al., 2016).

Selke is a tributary of the Bode River, which originates in the southwest of the state of

Saxony-Anhalt (central Germany), in the vicinity of Harz Mountain. Selke drains an area of 463

11
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km?, with elevations varying between 53 m and 605 m (Figure 1). The Selke catchment is
dominated by forest (broad-leaved, coniferous and mixed forests) in mountainous areas, and by
agriculture in lowland areas; these accounting for 35% and 52% of the total catchment area,
respectively. The remaining 13% of the catchment is used for pastures and urban land. Soil types
are dominated by cambisols (schist and claystone) in the mountainous areas and chernozems
(tertiary sediments with loess) in the lowland areas. Average precipitation decreases from 792
mm/yr in the mountainous areas to 450 mm/yr in the lowland areas, with an average of 660
mm/yr for the whole catchment. Annual precipitation is summer dominant, with a ratio between
summer and winter of 1.35. The average temperature is 9°C, with an average monthly low

of -1.8°C in January and monthly high of 15.5°C in July. Crops mainly consist of winter wheat,
triticale, winter barley, rye, rapeseed and corn. Fertilizer inputs range from 130 to 190 kg N/ha/yr
for nitrogen, and from 20 to 30 kg P/ha/yr for phosphorus (Kistner et al., 2013). Point source
inputs from sewage plants contribute only a limited share of the total nitrogen load (about 2.9%),
and more than 95% of the households are connected to public wastewater treatment plants (Rode

etal., 2016a).
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Figure 1. The Selke catchment: (a) Digital Elevation Model (DEM) and locations of streamflow

and water quality gauging stations, (b) soil types, and (c) land use.

An extensive dataset is available to develop and calibrate a watershed model of the Selke
catchment. A Digital Elevation Model (DEM) and soil-type distributions were obtained from the
state survey office with grid resolutions of 90 m and 50 m, respectively. Land use was
interpreted from Corine Land Cover 2006 of Germany
(https://land.copernicus.eu/pan-european/corine-land-cover) with grid resolution of 25 m. The

Selke catchment represents one of the best meteorologically and hydrologically equipped
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catchments in central Germany, with long-term monitoring of precipitation, temperature,
discharge, water quality, etc. There are 16 rainfall stations and two climate stations within or
close to the Selke catchment, although only four rainfall stations have been running since 2010.
Daily rainfall data were provided by the German Weather Service. Stream discharge has been
measured at three gauging stations, namely Silberhuette (upstream), Meisdorf (middle-stream)

and Hausneindorf (catchment outlet), since 1920 (see Figure 1).

Within the TERENO (TERrestrial Environmental Observatories,
http://teodoor.icg.kfa-juelich.de/overview-en?set_language=en) program, continuous
high-frequency stream nitrate concentrations have been measured in-situ at stream gauging
stations at 15-min intervals since 2010 using TRIOS ProPS-UV sensors with an optic path length
of 10 mm (Rode et al., 2016a; Wollschléger et al., 2017). Maintenance of the instruments and
calibration of sensors are conducted fortnightly. During instrument maintenance, stream water
samples are taken for laboratory analysis to validate in-situ stream nitrate measurements, and to
measure other hydrochemical constituents that are not recorded by field instruments. The
measured nitrate concentrations obtained from laboratory analysis of fortnightly samples were
used as the fortnightly nitrate dataset in this study. The in-situ nitrate concentrations were highly
consistent with laboratory analysis data, evidenced by an R? (coefficient of determination) value
of 0.93 (Rode et al., 2016a). The daily nitrate dataset adopted in the current model development

consisted of arithmetic averages (for each day) of 15-min stream nitrate observations.
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The average streamflow rates (during 1994-2004) through the two most upstream stations (i.e.,
both situated in the mountainous region) were 1.30 m*/s (Silberhuette) and 1.52 m%/s (Meisdorf),
while the streamflow rate at the lowland catchment outlet (Hausneindorf) was 1.75 m*/s during
the same period. These flow rates amount to area-weighted runoff (i.e., the specific discharge)
from the catchments upstream of the Silberhuette, Meisdorf and Hausneindorf stations of 415
mm/yr, 265 mm/yr and 133 mm/yr, respectively, indicating that catchment runoff is significantly
higher in upstream mountainous areas (Jiang et al., 2014). The average streamflow rates during
2010-2015 were 0.82, 1.45 and 1.59 m®/s from the gauging stations of Silberhuette, Meisdorf and
Hausneindorf, respectively. The corresponding area-weighted runoff values were 265 mm/yr,
241 mm/yr and 128 mm/yr. Taking the difference between average flow rates for the three
gauging stations produces area-weighted runoff values for the sub-basin between Silberhuette
and Meisdorf of 74.2 mm/yr, and for the sub-basin area between Meisdorf and Hausneindorf
stations of 44.1 mm/yr. The considerable reduction in area-weighted runoff in downstream areas
relative to upstream areas is attributable primarily to the rainfall gradient, as mentioned above,

and the steeper topography of upland regions (Jiang et al., 2014).

The average stream nitrate concentrations were 1.44, 1.75 and 3.91 mg/L at Silberhuette,
Meisdorf and Hausneindorf stations, respectively, during the period 1994-2004 (based on
fortnightly sampling). Using the 15-min nitrate measurements during 2010-2015, the average
stream nitrate concentrations were 1.55, 1.63 and 2.89 mg/L at Silberhuette, Meisdorf and
Hausneindorf stations, respectively. Higher nitrate concentrations in lowland areas are likely
caused by fertilizer applications and accompanying leaching into surface and subsurface

pathways, which flow to watercourses.
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2.2 Hydrological and nitrogen-export model

HYPE was developed by the Swedish Meteorological and Hydrological Institute based on the
hydrological-nutrient model HBV-NP (Lindstrém et al., 2010). It has been widely used to
simulate streamflow and nutrient export, and to assess the impacts of agricultural practices on
nutrient yields at catchments of different scales, and with various meteorological, hydrological
and physiographical characteristics (Jiang et al., 2014; Jiang et al., 2015; Jomaa et al., 2016;
Lindstrém et al., 2010; Stromgvist et al., 2012; Yin et al., 2016). Typical application of the
HYPE model involves firstly delineating the study catchment into sub-basins based on the DEM
and stream network. Each sub-basin is divided into Soil-Land-use Classes (SLCs) by overlaying
maps of land use and soil type, with each SLC corresponding to a so-called Hydrological
Response Unit (HRU). SLCs are considered as the smallest computational spatial units. The
SLCs are not coupled to geographic locations, but defined as fractions of a sub-basin area. In
each SLC, soil is divided vertically into one or several (maximum three) layers, which may have
different thicknesses. Hydrological and nutrient processes are simulated within each soil layer of
each SLC. A detailed description of the model structure, equations and parameters of HYPE are
given by Lindstrom et al. (2010), and are therefore not repeated in detail here. Only a summary
of the model structure, hydrological and nitrogen processes, parameter values, and the

methodology of applying HYPE are given below.
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HYPE simulates a wide range of hydrological processes, including snow accumulation and
snowmelt, evapotranspiration, surface runoff, infiltration, macro-pore flow, percolation, soil
runoff, tile-drain flow, regional groundwater flow, and river flow (Lindstrom et al., 2010). The
water transit time is equal to the storage volume of a flow component (e.g., interflow, regional
groundwater flow) divided by the outflow from that component (see egs. (1) to (3) below).
Lindstrom et al. (2010) and Tonderski et al. (2017) found that HYPE reproduced to a reasonable
accuracy the temporal dynamics of groundwater levels and *20 isotope concentrations in both
forested and agricultural catchments, verifying the model’s representation of water pathways and
transit times. The latter were found to be in the order of months to years. The following

equations link runoff rates to transit times in HYPE.

qrunr = Orc * Wsor, — apc) (1)

QrUNF = 2viand class QRUNF * CAREA 2)

T = Yviand classWso1.—9rc)'CAREA 3)
QRUNF

Where qrynr 1S S0il runoff (per area) from an SLC (mm/d), Qgrynr is soil runoff from a
sub-basin (mm m?/d), T is water transit time (d), dg¢ is the soil runoff coefficient (1/d), Wsp;,
is soil moisture storage (mm), ap is the water content at the threshold for runoff (mm), and

Carea 1S the SLC area (m?).

Within HYPE, sources of nutrient input to the soil include diffuse sources from applied organic
and inorganic fertilizer, manure, plant residues, atmospheric deposition, and rural households,

and point sources from urban and industrial activities (e.g., sewage treatment works). The
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simulated stored mass of soil nitrogen consists of a fastN pool (i.e., stored mass of organic
nitrogen in the soil with rapid transformation to dissolved organic nitrogen and inorganic
nitrogen), a humusN pool (i.e., stored mass of organic nitrogen in the soil with a slow
transformation to fastN), an organicN pool (i.e., stored mass of organic nitrogen in the soil
available for mineralization to inorganicN) and an inorganicN pool (i.e., stored mass of inorganic
nitrogen in the soil). The simulated nitrogen transformation processes are degradation,
mineralization, denitrification and plant uptake within the soil profile, and denitrification,
mineralization, and primary production in the river. Nitrogen transport follows the same
pathways as water in the model. All nitrogen in the inorganic nitrogen pool is considered to be
mobile and can hence be transported between soil layers or out of the profile through horizontal
and lateral soil water flow, and regional groundwater flow. All biogeochemical processes in the
soil, regional groundwater, streams and rivers are calculated by empirical equations that include
first-order reaction rates, nutrient concentrations within each storage pool (e.g., humusN, fastN,
organicN, inorganicN, total phosphorus) and influential environmental factors, such as soil water
content, soil temperature, water temperature, and surface water volumes and surface areas

(Lindstrom et al., 2010).

The hydrological and nitrogen-export processes, and the parameters for soil and surface water
components in the HYPE model are listed in Table 1. Table 1 also includes parameter ranges
considered plausible for the conditions encountered in Selke. These are based on knowledge of
the relevant hydrological and nutrient processes, literature review, and previous HYPE
applications to other German and Swedish catchments, such as Weida, Rénned and Vindan (e.g.,
Jiang et al., 2014; Jiang et al., 2015; Jomaa et al., 2016; Lindstrém et al., 2010; Stromqvist et al.,

2012).
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Table 1. Hydrological and nitrogen-export processes, and parameter descriptions and ranges

adopted in the HYPE model of the Selke catchment.

Processes

Parameters

Ranges

Hydrological parameters

Evapotranspiration

Evapotranspiration parameter cevp

(land use dependent)
Amplitude of sinus function that corrects potential
evapotranspiration cevpam (general*)
Phase of sinus function that corrects potential
evapotranspiration cevpph (general*)
Coefficient in exponential function for potential
evapotranspiration’s depth dependency epotdist (general*)

0.01-1.0 (mm/d/°C)
0.01-1.0 (-)
10-150 (d)

1-10 (1/m)

Surface flow and
macro-pore flow

Recession coefficient for surface runoff srrcs
(fraction, land use dependent)
Fraction for surface runoff srrate (soil type dependent)
Fraction for macro-pore flow macrate
(soil type dependent)
Threshold for macro-pore flow mactrinf

(soil type dependent)
Threshold soil water for surface macro-pore flow and runoff
mactrsm (fraction of wilting point + field capacity in
uppermost layer, soil type dependent)

0.01-1.0 (1/d)

0.01-1.0 (-)
0.01-1.0 (-)

10-100 (mm/d)

0.1-1.0 (-)

Recession coefficient for uppermost soil layer rrcsl
(soil type dependent)

0.01-1.0 (1/d)

Soil interflow Recession coefficient for lowest soil layer rrcs2 0.0001-0.1 (1/d)
(soil type dependent)
Recession coefficient for slope dependence rrcs3 (general™) 0.00001-0.001
(1/d/%)
Regional Recession coefficient for regional groundwater outflow from 0.0001-0.1 (-)

groundwater flow

soil layers rcgrw (general*)

Nitrogen parameters

Nitrogen process
in soil

Parameter for denitrification rate in soil denitr (general*)
Decay of humusN to fastN degradhn

(land use dependent)

Mineralization of fastN to inorganicN minerfn

(land use dependent)

0.001-0.1 (1/d)
0.00001-0.1 (1/d)

0.000001-0.1 (1/d)

Fraction of nutrient uptake in the uppermost soil layer uptsoill  0.001-1.0 (-)

(land use dependent)

Number of days that fertilizer applications occur fertdays

(general*®) 10-150 (d)

Production/decay of N in water wprodn (general*) 0.0001-0.1

(kg/m®/d)

Nitrogen processes  Parameter for denitrification in water denitw (general*) 0.000001-0.1
in stream (kg/m?/d)

Parameters for calculation of water velocity in watercourses 0.01-1.0 (-)

rivvell, rivvel2, rivvel3

* “general” means that the parameter is assumed to be applicable to the whole catchment.
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2.3 Load estimation using different frequencies of nitrate measurement

The nitrate load was estimated from instantaneous flow and concentration measurements using:

_ KX, (€iQ)
L - Z?:l Qi QT (4)

_ Tjt1 Q)

Q, = =2 (5)

where L is the nitrate load for the period of interest (g/d), K converts time units (86,400 s/d), C; is
the instantaneous concentration (mg/L or g/m3), Q; is the instantaneous discharge at nutrient
sampling time i (m*/s), Q; is the average discharge over the period of nitrate load estimation
(m%/s), Qj is the recorded discharge at 15-min intervals (m%/s), N is the number of flow

measurements, and n is the number of concentration measurements.

2.4 Model setup

The HYPE model was set up to simulate a 5-year period, which includes calibration (i.e., 1* Nov
2010 to 31% Oct 2013) and validation (1 Nov 2013 to 31% Oct 2015), following the same
procedure described by Jiang et al. (2014). The Selke catchment was divided into 29 sub-basins,
ranging from 0.05 to 48 km?, and averaging 15.1 km? in area. Nineteen soil types and ten
land-use classes were adopted in categorizing the study area. Subsequently, 117 SLCs were
defined by overlaying maps of soil type and land use. The hydrological driving data of daily
rainfall and temperature were obtained from observations at precipitation and climate stations

located within each sub-basin, or through interpolation to nearby stations. For streamflow
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simulation, hydrological parameters obtained from the multi-site calibration by Jiang et al.

(2015), who used DREAM and data from the period 1994-1999, were used.

For nitrate modelling, the input data representing agricultural management (e.g., crop types,
dates of sowing and harvest), fertilizer applications (rate and timing of applications of mineral
fertilizer, organic fertilizer and manure), plant residue, and wet and dry atmospheric deposition
of nitrogen were specified based on monitoring data, field surveys and literature review (e.g.,
Jiang et al., 2014; Kistner et al., 2013). Point source inputs, including daily discharge and
average nitrate concentrations of wastewater outflows, were set based on the recordings from the

six wastewater treatment plants within the Selke catchment.

2.5 Bayesian Inference Framework

Multi-site calibration was adopted in exploring posterior distributions of nitrogen-export process
parameters. That is, nitrate datasets (at both daily and fortnightly frequencies) were obtained
from all three gauging stations (Silberhuette, Meisdorf, and Hausneindorf) to better capture
spatial variability in the nitrate export processes (Jiang et al., 2015). The calibration outputs
using fortnightly and daily nitrate datasets were compared in terms of posterior parameter
uncertainty and 95% prediction uncertainty of stream nitrate concentrations. Prior to calibration,
sensitivity analysis was implemented using PEST to determine which parameters led to the
largest modifications to model predictions. Parameter sensitivity is expressed as the Relative

Composite Sensitivity (RCS), which measures the composite changes in model outputs incurred
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by a fractional change in the value of the parameter (Doherty, 2016; Jiang et al., 2014). The eight
most sensitive nitrogen-export process parameters were selected for calibration, as listed in Table
2. A uniform prior distribution was assumed for each of the eight parameters, which were
calibrated within the ranges specified in Table 2. Posterior parameter probability distributions
and prediction uncertainty intervals were derived from calibration using the algorithm DREAM,
which adopts the Bayesian inference framework (i.e., statistical inference, based on Bayes’
theorem, of restrictions to the probability distribution of prior parameter distributions using

informative field data and the likelihood function to yield posterior parameter distributions).

By applying Bayesian inference, the posterior parameter distributions can be derived by
adjusting the parameters so that the spatiotemporal behavior of the model approximates, as
closely and consistently as possible, the observed system behavior over some historical period of
time (Balin et al., 2010). Two types of prediction uncertainty were assessed, namely parametric
prediction uncertainty and total prediction uncertainty (Laloy and Vrugt, 2012). Bayesian
inference treats the uncertainty of mechanistic model predictions in a very similar way to that of
statistical models. Uncertainty is decomposed into that which can be explained by the uncertain
model parameters (i.e., the parametric prediction uncertainty), and that which is attributable to
other, uncalibrated factors. The uncertainty that cannot be explained by model parameters is
characterised by a statistical distribution of residuals, i.e., the residual error. The residual error
accounts for both measurement errors and model structural error, which are inseparable using the
current approach, at least from a statistical perspective. Some insights into measurement error
and model structural error are possible by undertaking multiple DREAM analyses using

modified forms of the model, because by keeping the structure effectively the same, and by
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changing the number of measurements, it allows us to speculate on the likely breakdown of
residual error into measurement error and model structural error. The parametric prediction
uncertainty is computed by running HYPE on the posterior parameter distributions, following
Balin et al. (2010). The total prediction uncertainty was determined using the statistical methods
described below, and was taken to be the sum of the parametric prediction uncertainty and the

residual error (Balin et al., 2010; Yang et al., 2008).

The method for assessing the uncertainty of parameters and predictions is obtained from Bayes’

theorem, given by:

L(y°Ps|@)pP(6)

obsy —
PO = Fi o) (6)

where P(6) represents the assumed joint prior probability distribution of model parameters,
contained in vector 8, L(y°P$|@) is the likelihood function that quantifies the probability of
measuring the field data y°?s given different 8 values, and P(8|y°PS) is the posterior
probability that expresses our updated beliefs in the 8 values after the field data y°?S are taken
into account through model calibration. The denominator is a scaling constant representing the
sum of the conditional probabilities L(y°?|0) weighted by their prior probabilities P(8)
(Ellison, 1996). Sequences of model realizations from the posterior parameter distributions were

obtained in our case using Markov chain Monte Carlo simulations.

The following likelihood function, L(y°?$|8) was used to compare the simulated stream nitrate

concentration dynamics with the observed nitrate datasets, assuming that the residuals between
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the observations and model results are identically, independently, and normally distributed

(Yang et al., 2007):

o2

11 1|veP -yt @)
L(y°™16) =TIi, [ﬁ;exp <—5M (7)

where y£f (#) and yfibs represent, respectively, the simulated and observed nitrate

concentrations at time t;, and n is the total number of measurements. o is the standard
deviation of the differences between the simulated and observed nitrate concentrations, and is

estimated jointly with model parameter 6.

Three Markov chains and a run length of 50,000 generations were used to ensure convergence of
individual chains to the posterior distributions, following the suggested standard parameter
setting of DREAM (Laloy and Vrugt, 2012). The posterior statistics were calculated using a thin
of 10 (i.e., taking every 10" sample instead of using the entire Markov chain, to minimize the
effect of sample autocorrelation). We assessed convergence by visually inspecting plots of the
posterior Markov chains for mixing and stationarity, and by inspecting density plots of the
pooled posterior Markov chains for unimodality. We also assessed convergence quantitatively
using the modified Gelman-Rubin convergence statistic (R_stat<1.2; Brooks and Gelman, 1998).
The parameters and their physical meaning, and relevant statistical information, including prior
uncertainty intervals, RCS and posterior statistics (maximum likelihood value (MAP), average
value, and standard deviation (Std) of posterior parameter distributions) are listed in Table 2 for

models based on daily and fortnightly nitrate datasets.
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Table 2. Calibrated nitrogen-export process parameters and their prior and posterior statistics resulting from calibration to either

fortnightly or daily nitrate datasets. Statistics include prior uncertainty intervals, Relative Composite Sensitivity (RCS), and posterior

statistics (maximum likelihood value (MAP), average, and standard deviation (Std)).

Posterior statistics

Parameter  Physical meaning Prior Fortnightly nitrate dataset Daily nitrate dataset
RCS MAP Average Std RCS MAP Average Std
. Parameter for denitrification
denitr rate in soil (1/d) 0.001-0.1 0.0043 0.029 0.035 0.0088 0.0086 0.027 0.026 0.0013
. Parameter for denitrification 6 7 4 " 4 6 4 4 5

denitw in water (kg/mZ/d) 107-0.1 5.6 x 10 9.1x10 7.6 %10 5.2x10 1.8x10 9.5x10 9.7x 10 7.8 %10

wprogn - roduction/decay of N in 10%-0.1 16x107  0.0048 0.0057 0.0035 1.7x10°  0.0040 0.0041 6.3x10*
water (kg/m°/d)
Fraction of nutrient uptake in

uptsoil102  the uppermost soil layer for 0.001-1 0.012 0.999 0.97 0.042 0.026 0.999 0.997 0.0036
arable land (-)
Fraction of nutrient uptake in

uptsoill07  the uppermost soil layer for 0.001-1 0.0029 0.39 0.53 0.27 0.0052 0.0023 0.020 0.029
coniferous forest (-)
Fraction of nutrient uptake in

uptsoil108  the uppermost soil layer for 0.001-1 6.3x10° 0.95 0.64 0.22 2.8x10* 0.96 0.96 0.010
mixed forest (-)
Parameters for calculation of

rivvel2 water velocity in watercourses  0.01-1 1.1x10° 0.22 0.48 0.26 2.6x10° 0.22 0.22 0.0040
Q)

fertdays ~ umber of days that fertilizer 5, 0.0052 85 93 20 0.0089 78 78 19

applications occur (d)
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2.6 Assessment of model performance and uncertainty

The model performance, in terms of streamflow, stream nitrate concentrations and nitrate loads,
was evaluated using commonly adopted statistical criteria, including Nash-Sutcliffe coefficient
(NSE), Percent BIAS (PBIAS), Average Absolute Error (MAE), and ratio of the
root-average-square error to the standard deviation of field data (RSR) (Jiang et al., 2014; Laloy
and Vrugt, 2012; Moriasi et al., 2007). Three criteria were used to evaluate the uncertainty of
predictions of stream nitrate concentrations, including average relative interval length (ARIL),
the percentage of measurements embodied by the 95% uncertainty interval (PCI), and the
percentage of measurements bracketed by the unit uncertainty interval (PUCI). The concepts for
these criteria are described in detail by Jin et al. (2010) and Li et al. (2011), and are therefore
only summarised here. ARIL quantifies the sharpness of 95% uncertainty intervals of model
predictions (i.e., parametric prediction uncertainty and total prediction uncertainty) and measures
the resolution of the estimated prediction uncertainty. PCI assesses the reliability of the
estimated prediction uncertainty. A smaller ARIL combined with a larger PCI represents
narrower uncertainty intervals and higher reliability in the estimation of predictive uncertainty.

PUCI is calculated using ARIL and PCI, as given below:

ARIL = 12 Limitypper,t—Limityower,t (8)
" Robs,t
PUCI = (1.0 — Abs(PCI — 0.95))/ARIL -

where Limity,per: and Limit,,yer: represent the respective upper and lower boundary
values of the uncertainty interval of model predictions for the t™ day, n is the number of days,

and R,y Isthe measured nitrate concentration on the t™ day. The larger the PUCI, the higher
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the confidence in the 95% prediction uncertainty interval limits as being representative of the
model prediction uncertainty (i.e., both total prediction uncertainty and parametric prediction
uncertainty were assessed using this method). The above criteria have proven to be informative

in evaluating the uncertainty of model predictions in previous studies (Jin et al., 2010; Jiang et al.,

2015; Lietal., 2011).

3. Results

3.1 Streamflow simulation

The streamflow dynamics evident in gauging station data are well represented by the HYPE
model, with NSE>0.70 (Figure 2, Table 3). The water balances are also relatively well captured,
with the largest PBIAS of 11.6% reflecting underestimation at Hausneindorf during 1% Nov 2010
- 31% Oct 2013. Underestimation of peak flows in extraordinary storm events in January 2011 is
noted (Figure 2). This can be explained in part by the uncertainty of rainfall data, whereby
rainfall stations are sparsely distributed relative to changes in topography, which causes high
spatial variability in rainfall (Woodward et al., 2017). Moreover, peak streamflow events are
typically the result of short-term, intensive rainfall occurring at sub-daily time scales, and these
are difficult to capture using a daily rainfall-runoff model (Jiang et al., 2014; Lam et al., 2012;

Woodward et al., 2017).

There is a small decline of model performance during 1% Nov 2013 - 31 Oct 2015 relative to 1%

Nov 2010 - 31 Oct 2013, as reflected by a decrease in NSE, and increases in PBIAS and RSR
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(Table 3). This may be explained by considering that the hydrological conditions of these two

periods are different, in that the later period is drier. A number of modelling studies have shown

that hydrological parameters are not always temporally stable, and their values depend greatly on

the length and physio-climatic conditions of the calibration period (e.g., Merz et al., 2009;

Razavi and Tolson, 2013; Patil and Stieglitz, 2015). The relatively robust model performance in

terms of streamflow for the entire simulation period indicates that the model structure and

parameter set are sound and transferable between different meteorological (and therefore

hydrological) conditions.

w
o

N
o

Silberhuette

-
o o
T
=
4

Calibration Validation

Obs
Mod

MLAL _m.M b

w
o

o]
(=]

Meisdorf

e

Discharge (msls)

-
o o

LJQAMAM me N

e

W
(=)

20 -
Hausneindorf

Mo o

T

0
11110 11/11 11112 11
Time

n3 11/14 11/

MWWLLM

50

50

ecipitation (mm/d)

100 &

50

00
15

Figure 2. Streamflow simulation results together with observed daily rainfall during the periods

of 1% Nov 2010 - 31 Oct 2013 (calibration) and 1°' Nov 2013 - 31* Oct 2015 (validation) at

Silberhuette, Meisdorf and Hausneindorf discharge gauging stations.
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Table 3. Statistical model performance, in terms of streamflow at Silberhuette, Meisdorf and
Hausneindorf gauging stations, during 1% Nov 2010 - 31* Oct 2013 and 1* Nov 2013 - 31* Oct

2015. PBIAS and MAE have the units of % and m?/s, respectively, while NSE and RSR are

unitless.
Sub-basin 1% Nov 2010 - 31 Oct 2013 1% Nov 2013 - 31 Oct 2015
NSE PBIAS MAE RSR NSE PBIAS MAE RSR
Silberhuette 0.89 -2.9 0.26 0.33 0.70 6.5 0.23 0.55
Meisdorf 0.78 -2.5 0.49 0.47 0.74 -10.2 0.37 0.51
Hausneindorf 0.88 5.2 0.47 0.35 0.71 -11.6 0.42 0.54

3.2 Calibration of nitrogen-export process parameters

The sensitivity of nitrogen-export process parameters was tested by determining changes in
simulated stream nitrate concentrations relative to changes in each parameter value. In
application of PEST for sensitivity analysis, the overall sensitivity of each parameter was
assessed by the magnitude of the respective vector of the Jacobian matrix, which contains
derivatives of simulated nitrate concentrations with respect to parameter change. Based on
sensitivity analysis using the daily nitrate dataset, the calibrated parameters are listed in order of
most to least sensitive: uptsoil102, fertdays, denitr, uptsoil107, uptsoil108, rivvel2, wprodn, and
denitw. This is a similar order to that derived from sensitivity analysis using the fortnightly
nitrate dataset (parameters rivvel2 and denitw are reversed in their order when the fortnightly
dataset was adopted). As uptsoil102 is the most sensitive parameter, this suggests that plant
uptake in agricultural land is an important process controlling the nitrate balance within HYPE
simulations. The parameters fertdays and denitr, which designate fertilizer applications and

denitrification within the soil, respectively, are also very sensitive, as expected.
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Except for the parameter uptsoil107, the maximum likelihood parameter values derived from
calibration using fortnightly and daily datasets were similar. However, the posterior parameter
distributions derived from calibration using fortnightly and daily nitrate datasets, quantified in
terms of average parameter values and standard deviations (Table 2), were decidedly different.
Specifically, the daily nitrate dataset produced much narrower posterior parameter uncertainty
intervals relative to the fortnightly nitrate dataset, as indicated by standard deviations that were
lower by more than an order of magnitude, except for denitr (Table 2). That is, it appears from
these results that application of the daily dataset improved significantly the confidence in

nitrogen-export process parameters.

3.3 Nitrate export simulation

Seasonal stream nitrate variations are characterized by high winter concentrations and low
summer concentrations (Figure 3). The dynamics and overall nitrate balance were well captured
at upland stations (Silberhuette and Meisdorf) following calibration to either daily or fortnightly
nitrate datasets, with the lowest NSE equal to 0.43 and the largest PBIAS equal to 17.3% (Table
4). Nitrate concentrations in the stream remain high during high-flow conditions in winter. This
is attributable to the following processes: (a) nitrate contained in soil and groundwater stores is
flushed by higher rates of subsurface flow, (b) plant uptake is rather low (the average simulated
uptake rate was lowest on average during January) due to low temperature and almost no

agricultural activity. Conversely, nitrate concentrations in summer are low because (a) lower
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runoff leads to longer retention times within the catchment (stream discharge was lowest on
average during August), which creates reduced rates of nutrient discharge to streams as nutrient
storage levels build in the catchment, and subsurface nitrate losses occur prior to discharge to
streams, and (b) higher temperatures and more intensive agricultural activities increase
biogeochemical activity, leading to enhanced plant uptake (the monthly average uptake was
highest in June). The dominant influence of subsurface flow on nitrate export and the strong
effect of temperature on nitrate seasonal variability were also reported by Shrestha et al. (2007)
from their nitrate export modelling study of Weida catchment (central Germany). The
underestimation of nitrate concentrations in high-flow events at upland sites is perhaps caused
partly by the underestimation of runoff (and the associated flushing of nutrients from the
subsurface), although there may also be enhanced subsurface contributions to stream nitrate
loads that are not well captured by the simple representation of aquifers in HYPE. At
Hausneindorf, nitrate variability is lower than at the upland stations (Silberhuette, Meisdorf). A
declining trend in nitrate concentrations was observed at the lowland station Hausneindorf,
whereby the average measured nitrate concentration was 3.28 mg/L in the calibration period and
1.28 mg/L in the validation period. There is some evidence of overestimation of nitrate
concentrations during low-flow conditions in summer that is probably attributable to the
omission of denitrification in deep groundwater flow in the current model, and measurement

errors/knowledge gaps related to nutrient sources.
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Figure 3. Observed (Obs) and Simulated (Mod) stream nitrate concentrations during calibration
(1% Nov 2010 - 31% Oct 2013) and validation (1 Nov 2013 - 31* Oct 2015) periods. Results are
shown for the three gauging stations (Silberhuette, Meisdorf and Hausneindorf), and as obtained

from calibration using fortnightly and daily nitrate datasets.

32



630

631

632

633

634

635

636

Table 4. Statistical model performance in terms of stream nitrate concentrations and nitrate loads for calibration (1% Nov 2010 - 31%

Oct 2013) and validation (1% Nov 2013 - 31% Oct 2015) periods. Results are given for the three gauging stations (Silberhuette,

Meisdorf and Hausneindorf), and as obtained from calibration using fortnightly and daily nitrate datasets. The columns “Fortnightly”

and “Daily” refer to the results of models calibrated to, respectively, fortnightly and daily nitrate datasets. The goodness-of-fit

statistics refer to model-measurement comparisons based on daily nitrate datasets (i.e., daily average stream nitrate concentrations, and

daily nitrate loads estimated as the product of streamflow and nitrate concentration).

Calibration Validation
Variable Criterion Silberhuette Meisdorf Hausneindorf Silberhuette Meisdorf Hausneindorf
Fortnightly Daily Fortnightly Daily Fortnightly Daily Fortnightly Daily Fortnightly Daily Fortnightly  Daily

Daily NSE 0.57 0.68 0.43 0.52 -0.95 -0.56 0.74 0.76 0.61 0.66 -8.55 -5.53
average PBIAS (%) 17.3 4,75 11.2 -473  7.81 -1.25 4.60 -8.02 151 -3.09 58.4 43.9
nitrate MAE
concentr-  (mg/L) 0.63 0.52 0.69 0.62 0.92 0.79 0.47 0.43 0.53 0.46 1.32 1.07
ations RSR 0.65 0.57 0.75 0.70 1.40 1.25 0.51 0.49 0.63 0.58 3.09 2.55

NSE 0.77 0.75 0.54 0.50 0.71 0.78 0.67 0.74 0.76 0.69 0.29 0.46
Daily PBIAS (%) -8.56 -19.6 -19.3 -32.2 227 13.6 3.61 -10.2  -115 -25.4 48.8 34.9
nitrate MAE 92.4 924 193 204 262 225 69.4 585 87.6 915 203 172
loads (kg/d)

RSR 0.48 0.50 0.68 0.71 0.54 0.47 0.58 0.51 0.49 0.55 0.84 0.74
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At Silberhuette, model performance (in terms of nitrate concentrations) using parameters
calibrated against the daily nitrate dataset is almost consistently better than that obtained from
calibration against the fortnightly nitrate dataset, except for the slightly larger bias during the
validation period (Table 4). At Meisdorf and Hausneindorf, the daily nitrate dataset
outperformed the fortnightly nitrate dataset for both calibration and validation periods, as shown
by the higher NSE, and lower PBIAS, MAE and RSR. This indicates that nitrogen-export process
parameters calibrated using the daily nitrate dataset better represent nitrate dynamics occurring at
a daily resolution relative to the parameters obtained from calibration to fortnightly nitrate

sampling.

Whereas the abovementioned analysis of the daily and fortnightly datasets relied on comparison
of daily predictions and measurements, the performance of both the daily-calibrated and
fortnightly-calibrated models using fortnightly model outputs and measurements was also
evaluated. This was aimed at testing whether the fortnightly-calibrated model better simulated
fortnightly measurements relative to the daily-calibrated model — i.e., to evaluate whether the
time-step of calibration controls which measurement frequency (daily or fortnightly) is best
reproduced by the model. The results are given only in summary, for brevity. The results indicate
that the daily-calibrated model better reproduces fortnightly measurements relative to the
fortnightly-calibrated model. This is demonstrated by NSE values closer to one, and PBIAS
values closer to zero for the daily-calibrated model for all stations. Specifically (values in
brackets are for fortnightly-calibrated and daily-calibrated models, respectively): at Silberhuette,
NSE=(0.56, 0.67) and PBIAS=(26.4%, 12.5%); at Meisdorf, NSE=(0.41, 0.47) and

PBIAS=(18.6%, 0.34%), and at Hausneindorf, NSE= (-0.98, -0.50) and PBIAS=(15.0%, 5.0%).
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The good reproduction of seasonal dynamics of streamflow and nitrate concentrations leads to
daily nitrate loads that are reasonably well captured by the daily-calibrated model (Figure 4). The
underestimation of daily nitrate loads during storm flow events is the combined result of the
underestimation of streamflow and the underestimation of nitrate concentrations, as described
earlier (see Figures 2 and 3). Daily nitrate loads are overestimated during low-flow conditions,
especially at Hausneindorf, where the model overestimates nitrate concentrations, although the
influence on annual nitrate loads is limited given the small contribution of low-flow conditions to
annual loads. Calibration against “measured” nitrate loads (i.e., the product of measured
streamflow and nitrate concentration) would likely improve load estimates obtained from HYPE.
However, the focus here is on nitrate concentrations rather than loads, so we prefer not to
increase errors in reproducing streamflow or nitrate concentrations by adding nitrate loads to the
calibration objective function. In any case, HYPE captures the temporal and spatial variability of
daily nitrate loads satisfactorily using parameters calibrated against either daily or fortnightly

nitrate datasets, as demonstrated through the calibration and validation statistics given in Table 4.
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Figure 4. Observed (Obs) and simulated (Mod) daily nitrate loads during calibration (1 Nov
2010 - 31% Oct 2013) and validation (1st Nov 2013 - 31st Oct 2015) periods at the three gauging
stations of Silberhuette, Meisdorf and Hausneindorf. “Observed daily nitrate loads” are nitrate
loads calculated as the product of observed streamflow and nitrate concentration. “Simulated
daily nitrate loads” represent the nitrate loads estimated using simulated streamflow and nitrate

concentration from the model calibrated to daily data.

The spatial variations in predicted area-averaged nitrate loads (2010-2015) from calibration
using fortnightly or daily nitrate data are similar, characterized by generally higher loads in
lowland agricultural sub-basins and lower loads in upland forest sub-basins (Figure 5). Annual
nitrate yields are not only controlled by land use, but are also highly dependent on hydrological
regimes. For example, low nitrate loads are observed in some first-order lowland agricultural

sub-basins. This is attributable to relatively smaller rates of runoff, which is a consequence of the
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shallow slope of the land surface and the lower rainfall of lowland areas. Also, subsurface fluxes
of nutrients are reduced by the low soil permeability (chernozems). Conversely, relatively higher
loads in upland forest sub-basins arise where the runoff is higher due to steeper slopes and where
there is higher permeability in the upland soils (cambisols), leading to shorter retention times and
enhanced transport of nitrate to streams. The variability in annual nitrate loads obtained from
HYPE are within reasonable ranges compared to that obtained from nitrate export modelling
studies of catchments with similar meteorological, hydrological and land use patterns. For
example, our nitrate loads fall in the range of 0.15-21.99 kg/ha/yr, while Ahmad et al. (2011) and
Rode et al. (2009) obtained ranges of a similar order, namely 0.84 to 4.98 kg/ha/yr and 18.5 to
41.2 kg/halyr, respectively, for catchments with comparable characteristics to the Selke

catchment.
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702 Figure 5. Simulated time- and area-averaged nitrate loads (kg/ha/yr) at Selke catchment during 1* Nov 2010 - 31% Oct 2015 following
703  calibration using daily and fortnightly nitrate datasets. (a) percentage of agricultural land; (b) average nitrate loads following

704  calibration against daily nitrate data; (c) average nitrate loads following calibration against fortnightly nitrate data.
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3.4 Uncertainty in nitrate concentration predictions

The time-averaged parametric prediction uncertainty interval and total prediction uncertainty
interval of nitrate concentrations over the calibration period at Silberhuette, obtained from
calibration using the fortnightly dataset, are 1.40+0.23 mg/L and 1.40+1.95 mg/L, respectively.
The values reflect the time-averaged predicted nitrate concentration plus-minus half of the
difference between the upper and lower limits of time-averaged nitrate predictions. In
comparison, the corresponding time-averaged uncertainty intervals obtained from calibration
using the daily dataset are 1.49+0.056 mg/L and 1.49+1.80 mg/L, respectively. At Meisdorf, the
time-averaged uncertainty intervals obtained from calibration using the daily dataset are
1.56+0.058 mg/L (parametric prediction uncertainty) and 1.56+1.80 mg/L (total prediction
uncertainty), while corresponding values of 1.37+0.24 mg/L and 1.3741.95 mg/L were obtained
from calibration using the fortnightly dataset. At Hausneindorf, the daily dataset led to
corresponding time-averaged uncertainty intervals of 3.26+0.090 mg/L and 3.26+1.80 mg/L,

while 3.26+0.40 mg/L and 3.26+1.98 mg/L were obtained from calibration to fortnightly data.

The calibration results indicate that increasing the measurement frequency from fortnightly to
daily also led to a four-fold reduction in the posterior parameter uncertainty (Table 2). However,
in both the daily and fortnightly models, the parametric prediction uncertainty intervals are only
a small proportion (3% (daily models) and 12% (fortnightly models) at both Silberhuette and
Meisdorf, and 5% (daily models) and 20% (fortnightly models) at Hausneindorf) of the total

prediction uncertainty intervals. The small contribution of parametric prediction uncertainty to
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total prediction uncertainty is also reflected by the much lower ARIL for both calibrated models

using the alternative measurement frequencies (Figure 6 and Table 5).
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Figure 6. Comparison of 95% prediction uncertainty intervals of nitrate concentrations at

Silberhuette during the period 1% Nov 2010 - 31* Oct 2013, estimated from calibration using: (a)
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fortnightly, and (b) daily nitrate datasets. Black bands represent parametric prediction
uncertainty intervals, grey bands represent total prediction uncertainty intervals, and red dots

represent the corresponding stream nitrate measurements.

Table 5. Comparison of 95% prediction uncertainties in simulated stream nitrate concentrations
at Silberhuette during 1% Nov 2010 - 31% Oct 2013, estimated from calibration using fortnightly
and daily nitrate datasets. Par-Unc represents 95% parametric prediction uncertainty intervals of
nitrate concentrations (mg/L); Tot-Unc represents 95% total prediction uncertainty intervals of

nitrate concentrations (mg/L).

Criteria Fortnightly nitrate dataset Daily nitrate dataset
Par-Unc Tot-Unc Par-Unc Tot-Unc

ARIL 0.97 9.2 0.15 4.7

PCI (%) 25 100 8.1 97

PUCI 0.31 0.10 0.87 0.21

Changing from fortnightly to daily calibration datasets produced only a modest lowering of the
total prediction uncertainty, which was almost entirely attributable to the reduction in the
posterior parameter uncertainty. Thus, the residual error was only slightly modified by the
change to the calibration data frequency, with residual error in the model calibrated to daily data
slight larger (9% at Silberhuette and Meisdorf, and 15% at Hausneindorf) than that of the model
calibrated to fortnightly data. Inferences can be drawn from the finding that residual error is
largely unmodified between the two calibration cases. For example, it is likely that the 14-fold
increase (approximately) in calibration data between the fortnightly- to daily-calibrated models
introduces larger measurement errors into the estimation of total prediction uncertainty, and an

increase in residual error is a logical outcome of this. If the small increase in residual error is
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entirely the result of measurement error, then measurement errors are themselves rather small
given the approximately 14-fold increase in the dataset size. This presumes that model structural
error remains unchanged between the two calibration attempts. Given that the vast majority of
the model design is identical in both calibration attempts, this presumption seems plausible. If we
speculate based on these results that measurement error is indeed small, it infers that the model
structural error is considerable, because it would consequently account for the majority of the

total prediction uncertainty given that parametric prediction uncertainty is also modest.

As calibration using daily nitrate dataset results in decreased posterior parameter uncertainty
(Table 2) and predictive uncertainty (Figure 6 and Table 5), we take from this that daily stream
nitrate measurements enhance the confidence of predicted nitrate export. The assertions made
here that total nitrate predictive uncertainty is mainly attributed to the combination of model
structural error and measurement errors in our case is consistent with findings from previous
studies (e.g., Balin et al., 2010; Jiang et al., 2015; Wellen et al., 2014; Woodward et al., 2017,

Yang et al., 2007).

About 25% and 8.1% of nitrate measurements are contained within the 95% parametric
prediction uncertainty intervals, as derived from calibration using fortnightly and daily nitrate
datasets, respectively. The 95% total prediction uncertainty intervals capture 100% and 97.3% of
nitrate measurements for models calibrated to fortnightly and daily nitrate datasets, respectively,
indicating that both nitrate datasets produce reliable total prediction uncertainty intervals. The

PUCI estimated from calibration to daily nitrate dataset was much larger than that obtained from
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calibration using the fortnightly nitrate dataset, in terms of both parametric prediction uncertainty
intervals and total prediction uncertainty intervals (Table 5). This suggests that daily nitrate
measurements are more informative to the calibration process, and subsequently offer greater
constraints on nitrate transport and transformation parameters used in HYPE. Consequently, the

daily nitrate dataset is more likely to produce unique parameters.

4. Discussion

The uncertainty analysis results highlight that, regardless of the frequency of calibration data,
residual errors (model structural error and measurement error) dominate the uncertainty of the
HYPE predictions of nitrate concentrations and loads. Calibration aims to reduce other
uncertainty sources, and hence, the primary source of uncertainty within our modelling
framework is immutable to calibration. Given that the alternative measurement frequencies
considered in this study translate to model modifications via calibration, it seems probable that
changing the measurement frequency is unlikely to affect model performance in a major way.
Indeed, the greater number of measurements within the higher-frequency dataset may lead to
increased measurement error, depending on several complicating factors. In our case, the
residual error increased only slightly with the reduction in the measurement frequency.
Woodward et al. (2017) obtained similar findings from their nutrient modelling study of the
Weida catchment (Germany). They compared daily and monthly calibrations datasets spanning a
four-year period, and found that monthly nitrate sampling provided sufficient information for the
calibration of their low-spatial-resolution catchment model (StreamGEM). They evaluated

sources of uncertainty using similar methods to those implemented here, and found, consistent
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with our results, that model structure and measurement error dominate total prediction
uncertainty. However, they did not assess the impact of nitrate measurement frequencies on the
posterior parameter uncertainty of their parsimonious catchment model. They were unable to
separate measurement error and model structural error within the total prediction uncertainty, i.e.,

the same limitation of our method.

Despite the dominant role of residual error in the total prediction uncertainty, calibration using
daily nitrate data reduced total prediction uncertainty, relative to fortnightly sampling (Table 2,
Table 5 and Figure 6), albeit to a modest degree. While model reliability was only marginally
better following calibration to the higher-frequency data, significant reductions in parametric
prediction uncertainty were achieved. Thus, the key advantage of the higher frequency data was
that higher confidence was instilled in the model parameters arising from the improved
calibration of nitrogen-export process parameters. In practical terms, this means that the nitrate
transport and transformation processes can be investigated with higher certainty, and the model
is expected to provide useful assistance in refining the model to improve model structure and to

guide the parameterization of nutrient inputs.

While residual error dominated total prediction uncertainty and inhibited the benefit of raising
the frequency of calibration data in our case, we expect that the total predictive uncertainty of
models with smaller residual error (lower model structural error and/or measurement error) will
be reduced more significantly from higher-frequency water quality monitoring. There are several

options for reducing the structural error in the current HYPE model. For instance, denitrification
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could be added to the deep groundwater flow to account for the nitrate losses and attenuation in
nitrate inputs that occur within longer subsurface flow paths prior to the base flow discharge of
groundwater to streams. Additional sampling of the groundwater chemistry and heads would also
assist in understanding nitrate processes in the subsurface, and the groundwater impacts on
stream nitrate concentrations more generally. Other advancements to the HYPE model are also
possible for reducing structural error. For example, the simulation of in-stream biogeochemical
processes could be modified to better account for the effects of flow velocity, sediment
properties and light availability, etc. Higher resolution nitrate monitoring in stream networks
enables the temporal and spatial variability in nitrate transformations in response to changes in
climatic-hydrological conditions and biogeochemical activities to be captured. Higher resolution
inputs to watershed nitrate export models allows for improved parameterization of in-stream
biogeochemical processes and nutrient uptake and exchange rates. Additionally, the importance
of nutrient retention in estimating nutrient loads at the catchment scale has been demonstrated in

previous investigations (e.g., Grizzetti et al., 2003).

Our investigation would benefit from further efforts to match nutrient storage levels to field
measurements of nutrient mass in the various hydrological components of the Selke catchment.
The model’s structure could also be modified to create greater temporal and spatial flexibility
within the calibration process, such that parameters that are presently fixed in time and/or space
are discretized to finer resolutions. For example, some parameters in HYPE (e.g., uptsoill, denitr)
that are presently constant in time could be at least seasonally variable. The benefits of adopting
temporally variable, rather than time-invariant, parameters to account for variability in nutrient

processes and hydrological controls has been demonstrated in previous rainfall-runoff and
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nutrient export investigations (e.g., Kim, 2016; Vandenberghe et al., 2007; Viswanathan et al.,
2016). However, temporal variability is difficult to justify for some parameters, both from the
perspective of physical process understanding and in terms of the availability of field data to
constrain temporal parameter trends. Higher resolution nitrate data may allow for the estimation
of temporally variable parameters (e.g., between low and high flow conditions), thereby reducing
errors in process-based watershed nutrient export modeling that arise from the assumption of
parameter time-invariance. This may address the problem that arises from lower frequency water
quality monitoring, in that short-period flow events that produce the greatest nutrient fluxes are

poorly resolved (Rode et al., 2016b).

The evaluation of model uncertainty has direct consequences for catchment management
strategies that focus on nutrient transport. For example, the benefit of daily sampling depends on
the availability of high-quality field monitoring that impart small measurement errors on the
calibration effort. Knowledge of high-frequency nutrient behavior also allows for greater
understanding of catchment processes, leading to model designs that better represent the key
factors that impact nutrient concentrations and loads, and thereby lowering the model structural
error. Also, the results of this investigation offer useful insights into catchment nutrient behavior
(e.g., the spatial and temporal variability in nutrient fluxes, assessment of the nutrient balance for

the study area, etc.) for the purposes of managing human activities of this region.

In order to develop guidance on water quality monitoring for the current study area, and in

extending the findings to other regions, the results of this investigation need to incorporate other
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sources of information. For example, the design of water quality monitoring programs, in terms
of selecting appropriate monitoring parameters, sampling sites, and sampling frequencies, is
dependent on the monitoring objectives, budgetary constraints, and field-dependent
characteristics (e.g., catchment size, land use, episodicity of rainfall, etc.; Strobl et al., 2006) that
influence the need to capture short-term fluctuations and extremes. Indeed, according to the
review of existing water quality monitoring strategies by Behmel et al. (2016), there is no
holistic solution or guidance that covers all aspects of water quality monitoring programs.
Nevertheless, the current study offers helpful insights to assist practitioners in selecting an
appropriate temporal resolution of nitrate monitoring. For example, we show that fortnightly
sampling of stream nitrate concentrations may be sufficient for credible calibration of
nitrogen-export process parameters and satisfactory simulation of nitrate loads. Alternatively,
daily sampling may be necessary to improve the confidence in calibration of nitrogen-export
process parameters and to decrease parametric and overall prediction uncertainty of stream
nitrate concentrations. While the choice of monitoring frequency will depend on several factors
(e.g., measurement accuracy, modelling objectives, knowledge of nutrient transport processes,
etc., as discussed above), in catchments similar to Selke, fortnightly sampling appears to be
adequate for the calibration of semi-distributed models such as HYPE, if assessment of model
uncertainty is not key to the aims of model development. Otherwise, daily monitoring data are
preferred for attaining defensible and robust model parameters that more likely produce

reasonable future predictions of catchment behavior.

In addition to the modeling outcomes, the methodology adopted in our investigation, in the form

of combined application of DREAM and HYPE, provides a useful and novel example of
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uncertainty evaluation of a nitrate export model. We contend that the methodology adopted here
offers a blueprint for investigating other catchments where the role of chemical measurement
frequency, or other aspects of model development, are of interest. While there is an unavoidable
element of localization in the uncertainty findings, it would be arguably less convincing to
attempt to draw the same conclusions from a synthetic example or to use non-specific theoretical
constructs in developing knowledge of the effects of sampling frequency on model uncertainty.
The current research uses a real-world example to provide the first attempt at assessing in a
comprehensive manner model uncertainty accompanying alternative temporal resolutions of
sampling. We anticipate that others will report their findings regarding sampling frequency for
different catchments and modeling methodologies over time, thereby building on our initial
efforts to provide guidance on hydrochemical sampling frequency. Perhaps future research can
attempt to assess nutrient behavior at the catchment scale based on calibration to sub-daily water
quality monitoring. This may assist in advancing the current understanding of nutrient transport
processes, although the current findings indicate that the application of sub-daily measurements
would require lower model structural error. This is beyond the capability of the current model
and the scope of this study. Other opportunities to extend the current study include the
application of alternative uncertainty analysis strategies, aimed at identifying the relative
contributions of individual modelling components to nitrate export uncertainty. This could assist
in determining which model structures should be modified to create lower model structural error,
to confirm (or otherwise) our conjecture that residual errors are most likely dominated by model
structural errors rather than measurement errors within the total prediction uncertainty of the

current modeling effort.
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5. Conclusions

Fortnightly and daily stream nitrate measurements are compared in terms of their utility as
calibration datasets in the simulation of nitrate export from a heterogeneous mesoscale catchment
(Selke) in Germany. Comparisons are provided in terms of posterior parameter uncertainty of
nitrogen-export process parameters, calibration mismatch, parametric prediction uncertainty,
residual errors, and total prediction uncertainty. To this end, the DREAM code proved effective
for the calibration and uncertainty analysis of a process-oriented catchment hydrological model
(HYPE). Results show that calibrated nitrogen-export process parameter values using fortnightly
and daily nitrate datasets are similar, although calibration using daily nitrate dataset generates
much narrower posterior parameter uncertainty intervals. Thus, higher-resolution nutrient data

led to greater confidence in model parameters.

The dynamics of daily stream nitrate concentrations and nitrate loads are captured satisfactorily
at forest-dominated upland sub-basins without significant differences in model performance
obtained from calibration using fortnightly and daily nitrate datasets. This suggests that
fortnightly nitrate sampling provides sufficient measurements for calibration of nitrogen—export
process parameters in regions of the model where agriculture is less intense, resulting in
satisfactory simulation of nitrate export in forested catchments. Calibration using the daily nitrate
dataset better represented fortnightly nitrate measurements relative to calibration using
fortnightly nitrate sampling, and thus, the daily nitrate dataset has instilled better process

representation in the model.
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Mismatches in simulation of nitrate concentrations during low-flow conditions and at lowland
agricultural sub-basin are noted. This is attributed primarily to model structural errors, such as (a)
insufficient denitrification in deep groundwater flow, (b) over-simplification of in-stream
biogeochemical processes, and (c) measurement errors in diffuse and point nutrient sources. The
daily nitrate dataset produced significantly smaller parametric prediction uncertainty, but as this
is only a small proportion of total prediction uncertainty, the higher frequency dataset led to only

modest reduction in total prediction uncertainty.

This study concludes that changing nitrate measurement frequency did not have a significant
effect on the reproduction of observed stream nitrate dynamics and the total uncertainty of nitrate
predictions more generally, because the combination of model structural error and measurement
errors were much higher relative to parametric prediction uncertainty. However, increasing
measurement frequency could more significantly affect the accuracy of nitrate export simulation
if the measurement errors are reduced, and more advanced model structures are developed and

utilized in the future.
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Table 1. Hydrological and nitrogen-export processes, and parameter descriptions and

ranges adopted in the HYPE model of the Selke catchment.

Processes Parameters Ranges
Hydrological parameters
Evapotranspiration parameter cevp 0.01-1.0
(land use dependent) (mm/d/°C)
Amplitude of sinus function that corrects potential 0.01-1.0 (-)
Evapotranspiration evapotranspiration cevpam (general*)
Phase of sinus function that corrects potential 10-150 (d)
evapotranspiration cevpph (general*)
Coefficient in exponential function for potential 1-10 (1/m)

evapotranspiration’s depth dependency epotdist
(general*)

Surface flow and
macro-pore flow

Recession coefficient for surface runoff srrcs
(fraction, land use dependent)
Fraction for surface runoff srrate (soil type
dependent)
Fraction for macro-pore flow macrate
(soil type dependent)
Threshold for macro-pore flow mactrinf

(soil type dependent)
Threshold soil water for surface macro-pore flow
and runoff mactrsm (fraction of wilting point + field
capacity in uppermost layer, soil type dependent)

0.01-1.0 (1/d)
0.01-1.0 (-)
0.01-1.0 (-)
10-100 (mm/d)

0.1-1.0 (-)

Recession coefficient for uppermost soil layer rrcsl
(soil type dependent)

0.01-1.0 (1/d)

Soil interflow Recession coefficient for lowest soil layer rrcs2 0.0001-0.1 (1/d)
(soil type dependent)
Recession coefficient for slope dependence rrcs3 0.00001-0.001
(general®) (1/d/%)
Regional Recession coefficient for regional groundwater 0.0001-0.1 (-)

groundwater flow

outflow from soil layers rcgrw (general*)

Nitrogen parameters

Nitrogen process

Parameter for denitrification rate in soil denitr
(general™)

Decay of humusN to fastN degradhn

(land use dependent)

0.001-0.1 (1/d)

0.00001-0.1 (1/d)

in soil Mineralization of fastN to inorganicN minerfn 0.000001-0.1
(land use dependent) (1/d)
Fraction of nutrient uptake in the uppermost soil 0.001-1.0 (-)
layer uptsoill (land use dependent)
Number of days that fertilizer applications occur
fertdays (general*®) 10-150 (d)
Production/decay of N in water wprodn (general*) 0.0001-0.1
(kg/m®/d)
Nitrogen processes Parameter for denitrification in water denitw 0.000001-0.1
in stream (general®) (kg/m?/d)
Parameters for calculation of water velocity in 0.01-1.0 (-)

watercourses rivvell, rivvel2, rivvel3
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Table 2
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Table 2. Calibrated nitrogen-export process parameters and their prior and posterior statistics resulting from calibration to either

fortnightly or daily nitrate datasets. Statistics include prior uncertainty intervals, Relative Composite Sensitivity (RCS), and posterior

statistics (maximum likelihood value (MAP), average, and standard deviation (Std)).

Posterior statistics

Parameter  Physical meaning Prior Fortnightly nitrate dataset Daily nitrate dataset
RCS MAP Average Std RCS MAP Average Std
. Parameter for denitrification
denitr rate in soil (1/d) 0.001-0.1 0.0043 0.029 0.035 0.0088 0.0086 0.027 0.026 0.0013
. Parameter for denitrification 6 7 4 " 4 6 4 4 5

denitw in water (kg/mZ/d) 107-0.1 5.6 x 10 9.1x10 7.6 %10 5.2x10 1.8x10 9.5x10 9.7x 10 7.8 %10

wprodn Production/decay of N in 10%-0.1 16x107  0.0048 0.0057 0.0035 1.7x10°  0.0040 0.0041 6.3x10*
water (kg/m*/d)
Fraction of nutrient uptake in

uptsoil102  the uppermost soil layer for 0.001-1 0.012 0.999 0.97 0.042 0.026 0.999 0.997 0.0036
arable land (-)
Fraction of nutrient uptake in

uptsoill07  the uppermost soil layer for 0.001-1 0.0029 0.39 0.53 0.27 0.0052 0.0023 0.020 0.029
coniferous forest (-)
Fraction of nutrient uptake in

uptsoil108  the uppermost soil layer for 0.001-1 6.3x10° 0.95 0.64 0.22 2.8x10* 0.96 0.96 0.010
mixed forest (-)
Parameters for calculation of

rivvel2 water velocity in watercourses  0.01-1 1.1x10° 0.22 0.48 0.26 2.6x10° 0.22 0.22 0.0040
Q)

fertdays ~ umber of days that fertilizer 5, 0.0052 85 93 20 0.0089 78 78 19

applications occur (d)



http://ees.elsevier.com/hydrol/download.aspx?id=1285251&guid=e3a7e112-7aab-48e9-bd86-a0e2390a7819&scheme=1




Table 3
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Table 3. Statistical model performance, in terms of streamflow at Silberhuette,
Meisdorf and Hausneindorf gauging stations, during 1% Nov 2010 - 31* Oct 2013 and
1% Nov 2013 - 31* Oct 2015. PBIAS and MAE have the units of % and m?/s,

respectively, while NSE and RSR are unitless.

Sub-basin T Nov 2010 - 31" Oct 2013 I Nov 2013 - 317 Oct 2015
NSE__ PBIAS _ MAE RSR NSE __ PBIAS __ MAE RSR
Silberhuette  0.89 2.9 0.26 0.33 0.70 6.5 0.23 0.55
Meisdorf 078  -25 0.49 0.47 0.74  -102 0.37 0.51
Hausneindorf  0.88 5.2 0.47 0.35 071  -116 042 0.54
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Table 4. Statistical model performance in terms of stream nitrate concentrations and nitrate loads for calibration (1* Nov 2010 - 31® Oct 2013)

and validation (1% Nov 2013 - 31* Oct 2015) periods. Results are given for the three gauging stations (Silberhuette, Meisdorf and Hausneindorf),

and as obtained from calibration using fortnightly and daily nitrate datasets. The columns “Fortnightly” and “Daily” refer to the results of models

calibrated to, respectively, fortnightly and daily nitrate datasets. The goodness-of-fit statistics refer to model-measurement comparisons based on

daily nitrate datasets (i.e., daily average stream nitrate concentrations, and daily nitrate loads estimated as the product of streamflow and nitrate

concentration).

Calibration Validation
Variable  Criterion Silberhuette Meisdorf Hausneindorf Silberhuette Meisdorf Hausneindorf
Fortnightly Daily Fortnightly Daily Fortnightly Daily Fortnightly Daily Fortnightly Daily Fortnightly  Daily

Daily NSE 0.57 0.68 0.43 0.52 -0.95 -0.56 0.74 0.76  0.61 0.66 -8.55 -5.53
average PBIAS (%) 17.3 4.75 11.2 -4.73 7.81 -1.25 4.60 -8.02 15.1 -3.09 58.4 43.9
nirate - MAE 0.63 052  0.69 062 092 079 047 043 053 046 132 1.07
concentr-  (mg/L)
ations RSR 0.65 0.57 0.75 0.70 1.40 1.25 0.51 0.49 0.63 0.58 3.09 2.55

NSE 0.77 0.75 0.54 0.50 0.71 0.78 0.67 0.74 0.76 0.69 0.29 0.46
Daily PBIAS (%) -8.56 -19.6 -19.3 -32.2 22.7 13.6 3.61 -10.2  -115 -25.4 48.8 34.9
nitrate MAE 92.4 92.4 193 204 262 225 69.4 585 87.6 915 203 172
loads (kg/d)

RSR 0.48 0.50 0.68 0.71 0.54 0.47 0.58 0.51 0.49 0.55 0.84 0.74
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Table 5
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Table 5. Comparison of 95% prediction uncertainties in simulated stream nitrate
concentrations at Silberhuette during 1% Nov 2010 - 31% Oct 2013, estimated from
calibration using fortnightly and daily nitrate datasets. Par-Unc represents 95%
parametric prediction uncertainty intervals of nitrate concentrations (mg/L); Tot-Unc

represents 95% total prediction uncertainty intervals of nitrate concentrations (mg/L).

Criteria Fortnightly nitrate dataset Daily nitrate dataset
Par-Unc Tot-Unc Par-Unc Tot-Unc

ARIL 0.97 9.2 0.15 4.7

PCI (%) 25 100 8.1 97

PUCI 0.31 0.10 0.87 0.21
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Figure captions

Figure 1. The Selke catchment: (a) Digital Elevation Model (DEM) and locations of

streamflow and water quality gauging stations, (b) soil types, and (c) land use.

Figure 2. Streamflow simulation results together with observed daily rainfall during
the periods of 1% Nov 2010 - 31% Oct 2013 (calibration) and 1% Nov 2013 - 31% Oct
2015 (validation) at Silberhuette, Meisdorf and Hausneindorf discharge gauging

stations.

Figure 3. Observed (Obs) and Simulated (Mod) stream nitrate concentrations during
calibration (1% Nov 2010 - 31* Oct 2013) and validation (1% Nov 2013 - 31® Oct 2015)
periods. Results are shown for the three gauging stations (Silberhuette, Meisdorf and
Hausneindorf), and as obtained from calibration using fortnightly and daily nitrate

datasets.

Figure 4. Observed (Obs) and simulated (Mod) daily nitrate loads during calibration
(1% Nov 2010 - 31% Oct 2013) and validation (1st Nov 2013 - 31st Oct 2015) periods
at the three gauging stations of Silberhuette, Meisdorf and Hausneindorf. “Observed
daily nitrate loads” are nitrate loads calculated as the product of observed streamflow
and nitrate concentration. “Simulated daily nitrate loads” represent the nitrate loads
estimated using simulated streamflow and nitrate concentration from the model

calibrated to daily data.



Figure 5. Simulated time- and area-averaged nitrate loads (kg/ha/yr) at Selke
catchment during 1% Nov 2010 - 31* Oct 2015 following calibration using daily and
fortnightly nitrate datasets. (a) percentage of agricultural land; (b) average nitrate
loads following calibration against daily nitrate data; (c) average nitrate loads

following calibration against fortnightly nitrate data.

Figure 6. Comparison of 95% prediction uncertainty intervals of nitrate
concentrations at Silberhuette during the period 1° Nov 2010 - 31* Oct 2013,
estimated from calibration using: (a) fortnightly, and (b) daily nitrate datasets. Black
bands represent parametric prediction uncertainty intervals, grey bands represent total
prediction uncertainty intervals, and red dots represent the corresponding stream

nitrate measurements.
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